Abstract-Two popular and widely used webpage ranking algorithms are PageRank and HITS. We considered the 2009 Szeged Wine Fest data and another reliable data set of wines from the famous region Villány, and, on basis of each data set, constructed a directed and weighted bipartite graph of wine tasters and wines. We applied an extended version of PageRank and HITS, the Co-HITS algorithm to wine tasting graph in order to rank tasters according to their ability and professional skill. The results of our technique were compared to other simple statistical methods. In general we observed that our ranking method performed better: it can filter out incompetent tasters, who, for example, gave the average score of some other tasters for the wines she or he tasted. Furthermore, our method gives a clearer picture about the competence of wine tasters.
I. INTRODUCTION
PageRank is the algorithm used by the Google search engine, originally formulated by Sergey Brin and Larry Page [1] . It was designed to determine the importance of web pages and it was used to rank the pages found for search results. Independent of Brin and Page, Jon Kleinberg proposed an advanced concept for the same purpose [2] . While PageRank computes the ranks of the pages on the complete web graph, Kleinberg's HITS (Hypertext induced Topic Selection) makes the distinction between hubs and authorities, in other words between pages that links to many authorities (i.e hubs) and pages that many hubs link to (i.e. authorities). Both algorithms have been extended and improved in a number of ways [3] - [7] .
Bipartite graphs have been widely used to represent the relationship between two sets of entities. Deng et al. proposed the Co-HITS algorithm [8] to incorporate the bipartite graph with the content information from both sides and determine the relevance of the nodes of the graph. We use Co-HITS algorithm to improve the results of earlier studies of Csendes and Antal [9] to determine the quality and expertise of wine tasters by using the wine competition data of the 2009 Szeged (Hungary) Wine Fest and other reliable wine tasting data for wines from the well-known wine region of Villány (Hungary).
This article is organized as follows: in Section II we discuss the mathematical background of the notions and algorithms mentioned above and their relationships with each other; in Section III we apply the algorithms to wine tasting and compare the results with different basic statistical approaches. Finally, in Section IV we discuss our results and highlight the possible applicability of the algorithms in different fields where ranking of the participants can be interpreted.
II. METHODS
Consider a bipartite graph G = (X ∪ Y, E) whose vertices can be divided into two disjoint sets X and Y such that each edge in E connects a vertex in X to one in Y . Equivalently, there is no edge between two vertices in the same set; that is X and Y are each independent sets. Let X = {x 1 , x 2 , . . . , x m } and Y = {y 1 , y 2 , . . . , y n } be the two sets of m and n independent vertices. Consider that G is a weighted directed graph. Given x i ∈ X and y j ∈ Y , if there is an edge between x i and y j let w( − − → x i y j ) > 0, w( ← − − x i y j ) > 0 denote the weights of the directed edges (x i , y j ) and (y j , x i ), respectively, otherwise let w( − − → x i y j ) = w( ← − − x i y j ) = 0. We assume, that each weight is normalized such that j∈Y w( − − → x i y j ) = 1 and i∈X w( ← − − x i y j ) = 1 (this can be assumed without loss of generality, e.g let w( − − →
, where w was the original weight of the edge without normalization). The weight w(.) can be considered as the transition probability from a vertex in X (Y ) to a vertex in Y (X). On this bipartite graph natural random walk can be defined, where
n×m denotes the transition matrix from Y to X. For the vertices in one side, a hidden transition probability w( − − → x i x j ) from x i to x j can be defined as
and it is also obtained that j∈X w( − − → x i x j ) = 1.
is the hidden transition probability matrix within X; W Y within Y can be obtained similarly. The algorithm we use works on such a directed weighted bipartite graph defined above. The idea of the algorithm is to assign scores for the vertices of the graph via an iterative process. Let p 0 i and q 0 k are the initial scores of the vertices x i and y k , respectively. The following equations describe the generalized Co-HITS algorithm:
and -197 - 
where λ x ∈ [0, 1] and λ y ∈ [0, 1]. By substituting Eq. 3 for q k in Eq. 2 it is obtained that
It can be easily calculated, that HITS and personalized PageRank [10] are special cases of the Co-HITS algorithm. If λ x = λ y = 1, then Eq. 4 becomes
which is the original HITS equation. It is worth noting here, that this is the stationary state of the Markov chain defined by a random walk on the weighted graph defined above [11] . If λ y = 1, then
which is the personalized PageRank algorithm.
III. APPLICATIONS TO WINE TASTING
Usually, wine tasting is a personal, subjective procedure to specify the quality of wines. Different wines are scored in an anonymous way called blind tasting (i.e. the tasters do not know which wine is being tasted). Each taster scores the wines she or he tasted and the wines would be ranked by using these obtained points. However, there are several accepted ranking methods for evaluating the quality of the wines, and it is still open, how to determine the quality of the tasters, which is also mentioned in the article of Csendes and Antal.
Before we apply the co-HITS algorithm to provide a ranking of the tasters according to their quality, it is needed to make the following assumptions:
• in the first step, the wines are sorted by the points they received (i.e. there is no reference value for them) • tasters will be sorted by only considering the points that the wines received from the tasters • there is no cheater among the tasters (i.e. they score more or less on the "same scale") Now, we describe how the Co-HITS algorithm can be used for wine tasting. Let X and Y (defined previously) be the set of wine tasters and wines, respectively. We start from the same p 0 value for each x i ∈ X taster. Let w ( − − → x i y j ) be the score that wine y j obtained from taster x i and let w( − − → x i y j ) = w ( − − → x i y j )/ j∈Y w ( − − → x i y j ) be its normalization. Consistent to our first assumption, we define the q 0 j value (for wine y j ) as the average of the points that the wine received. Then, we define the weight w( ← − − x i y j ) in the following way: suppose that wine y j was tasted by different tasters and let
be the sum of differences from the average score received by wine y j . Finally, let
Note, that i∈X w( ← − − x i y j ) = 1, i.e. each weight w( ← − − x i y j ) can be regarded as a transition probability from y j to x i . Figure 1 shows a concrete example for the calculation of the weights.
The weight between two tasters x i and x j can be defined as the hidden transition probability defined by Eq. 1. Then, the solution p = (p 1 , p 2 , . . . , p m ) of the HITS equation p = W X p provides the result for ranking the tasters. We tested our model in the selected data of two wine tasting events. The first event was the Szeged Wine Fest 2009, where 104 wines were blind tasted by four groups of five tasters, and each group tasted 33-34 different wines. The second data set is a bit more specific: just red wines from the wine region Villány were blind tasted by seven groups of six-person tasters. Each group tasted 40-48 different wines. In both events, each wine was scored in pursuance of the widely used and accepted international 100 point rating system. Table I and Table II show the detailed results obtained by Co-HITS algorithm on the Szeged Wine Fest data and wine tasting data of wines from region Villány, respectively. The calculated values can be interpreted as normalized merit values: the larger the better. The best taster of each group were highlighted. We compared the results obtained by the Co-HITS algorithm with some simple statistical methods which seems natural to use for our purpose. The first statistics based ranking method (SM1) was to evaluate the sum of differences from the average point of each wine received for each taster, as S i for taster i. Then, the increasing order of these S i values gives the ranking of the tasters. Formally,
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We consider the normalized points min i∈X S i /S i for all i (thus, the score of the taster with minimal S i value will be 1.000). Table III and Table IV show the results obtained by this method on the Szeged Wine Fest data, and data of wines from Villány, respectively. The second statistical method (SM2) we used was the Pearson correlation coefficient between the scores that a taster gave for the wines and the average scores that those wine received. In other words, we were interested in how the scores of a taster correlate with the average scores of the wines reveived. The calculated values are normalized. Table V and VI show the results obtained by this method on the Szeged Wine Fest data, and data of wines from Villány, respectively.
For better illustration, Figure 2 shows the summarized results on the Szeged Wine Fest data. In the figures, axisx shows the tasters, axix-y shows the ranks of the tasters such as longer bar refers to better rank. For each taster, the three different colored bars from the left to the right refers to the methods used for calculation, Co-HITS, SM1, and SM2, respectively.
The results show, that the Co-HITS algorithm is more sophisticated than SM1 and SM2. The stochastic process based HITS eventuated closer values between the tasters. Coherently with this fact, much larger differences that the statistical methods produced cannot be justified in the knowing of the concrete data sets. It should be mentioned, that all the three methods produced the same results for the best taster in many cases and the differences appear in the rest of the ranking lists. It can be observed, that SM1 prefers the "closeness to the average" (due to its definition) and SM2 is better if the scores co-movement with the average. It follows from these that both statistical methods can offer an opportunity to cheat. The described network based algorithm considers the wine tasting data not only as a database that contains the scores of individual tasters, but as a complex network shows each taster relationship to one another. The relation between the tasters can be defined well in respect of the purpose of investigation. Thus, the Co-HITS algorithm which works on networks can give a better picture about the quality of tasters. 
IV. CONCLUSIONS
In this paper we investigated how a HITS based algorithm can be used for determining the quality of wine tasters. However, there are several methods for the evaluation the quality of wines by using the points that a wine received in a wine tasting event, but it is still an open question, how to evaluate the professional skills of the tasters. We have applied the generalized Co-HITS algorithm for the data sets of two wine tasting events and compared the results with two simple statistical methods. Experimental results show that Co-HITS algorithm produced promising results, furthermore it is more sophisticated than the statistical methods: both of them produced unreasonably large differences between the tasters and ranked those tasters too high who (maybe due to the incompetence) gave the average of the points of other tasters for the wines. In future work, we plan to refine the HITS algorithm for application to wine tasting data: it would be interesting to use other modifications of the HITS, different rules for the weights of the network. With the analysis of appropriate null models and artificially generated data sets we can highlight further advantages and incidental drawbacks of the application of the ranking algorithms.
However, we used this HITS based algorithm only for evaluating the quality of wine tasters, it could be widely applicable in fields where people evaluate someone or something, such as sports like figure skating, diving, ski jumping, synchronized swimming; social events like beauty pageant, song contest and other tasting events like cooking competition or beer tasting, etc. 
